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Effects of sampling design on the probability to detect soil
carbon stock changes at the Swiss CarboEurope site Lägeren
Abstract
Soil carbon stock changes are an important element in our attempt to understand and quantify the role of
terrestrial carbon sinks. Unfortunately, the large spatial variability of organic carbon stocks in soils
complicates their analytical quantification. At a heterogeneous forest site, we conducted a pilot study to
estimate whether the choice of a suitable sampling design reduces the uncertainty of the stock estimate
to an extent that permits the detection of carbon stock changes within a reasonable time period. Parent
material had a strong effect on soil carbon stocks and stratified sampling of parent material classes
reduced the error of the carbon stock estimate for the top 10 cm of the mineral soil from 3.1 to 1.7 t C
ha−1. We estimated that replacing an unpaired sampling approach by a paired sampling approach could
improve the detection limit of stock changes approximately by a factor of four. Despite these
improvements, we estimate that about 15 years will be necessary to detect carbon stock changes in the
top 10 cm if soil carbon sequestration occurs at the rate (0.43 t C ha−1 a−1) predicted by current carbon
cycle models.
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2Abstract
Soil carbon stock changes are an important element in our attempt to understand and
quantify the role of terrestrial carbon sinks. Unfortunately, the large spatial variability of
organic carbon stocks in soils complicates their analytical quantification. At a
heterogeneous forest site, we conducted a pilot study to estimate whether the choice of a
suitable sampling design reduces the uncertainty of the stock estimate to an extent that
permits the detection of carbon stock changes within a reasonable time period. Parent
material had a strong effect on soil carbon stocks and stratified sampling of parent
material classes reduced the error of the carbon stock estimate for the top 10 cm of the
mineral soil from 3.1 to 1.7 t C ha-1. We estimated that replacing an unpaired sampling
approach by a paired sampling approach could improve the detection limit of stock
changes approximately by a factor of four. Despite these improvements, we estimate that
about 15 years will be necessary to detect carbon stock changes in the top 10 cm if soil
carbon sequestration occurs at the rate (0.43 t C ha-1 a-1) predicted by current carbon cycle
models.
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3Introduction
In the context of mitigating rising CO2 levels in the atmosphere, understanding and
quantification of terrestrial carbon sinks is of crucial importance. Therefore, an
international network of eddy covariance flux sites has been set up worldwide to measure
carbon dioxide exchange between the biosphere and the atmosphere over a wide range of
ecosystems (Baldocchi et al., 2001). At the European level, ecosystem CO2 exchange is
monitored within the CarboEurope-IP network (Aubinet et al., 2000). Despite these large-
scale efforts, there is also a need for independent estimates of carbon stock changes, such
as inventory methods (e.g. Bellamy et al., 2005). These inventories can serve to verify
eddy covariance estimates of NEE and to identify those ecosystem compartments where
the most significant changes occur.
An important issue with soil carbon stock inventories is the spatial heterogeneity of
organic carbon (OC) stocks in soil (e.g. Don et al., 2007). In addition, changes are usually
expected to be small compared to the size of the stocks. Therefore, only few attempts
have been made to assess OC stock changes by comparing inventory data between two
years. After 15 years of a Sitka spruce afforestation on formerly unmanaged grassland,
Black et al. (2007) conducted a complete ecosystem inventory including soil OC stocks.
In their example of a land-use change, they observed soil OC stock changes of > 1 t C ha-
1 a-1 which accounted for approximately 10% of the total ecosystem OC stock change. On
the other hand, in another inventory of OC stock changes in a Scots pine forest, Kolari et
al. (2004) assumed the change in soil OC stocks to be zero, because of the enormous
sampling effort necessary to detect a potential change. However, some theoretical
4considerations may help to reduce the sampling effort. Peltoniemi et al. (2007) used stand
age data and standard forest management regimes in a growth model to predict changes
in C stocks. They showed that stratification of soil sampling according to expected C
stock changes reduces the standard error of the stratified mean relative to random
sampling. Their stratification approach relied strongly on stand age and they did not
attempt stratification by edaphic factors. It is, however, well established that organo-
mineral interactions play a key role in stabilizing organic matter in soils (Kögel-Knabner
et al., 2008). Thus, the type of minerals present (esp. Fe and Al oxides or hydroxides
formed during weathering which have a large reactive surface area) can greatly affect C
dynamics in soil (e.g. Rasmussen et al., 2005, Eusterhues et al., 2005). This effect of
mineralogical composition makes parent material a potential key factor determining C
stocks.
Post et al. (2001) emphasized the importance to recognize spatial patterns in the field
when designing a sampling scheme. They also report that conducting a repeated
inventory at exactly the same sampling locations as the first one (paired sampling) will
help to reduce variability. In a detailed study on spatial variability in a forest site,
however, Schöning et al. (2006) pointed out, that some residual small-scale variability
cannot be eliminated in this way. In this article we address the question how the
uncertainty both of a stock estimate and of a stock change estimate from a repeated
inventory at a heterogeneous mountainous forest site can be reduced by stratified
sampling and resampling with a paired sampling design. The method was tested in a case
study at the Lägeren research site (CH-Lae in CarboEurope IP), from which we present
our results. From these data we deduce and predict the required minimum time interval
5between this and any future inventories that is required for detecting a specific
sequestration rate with acceptable statistical confidence.
Material and Methods
Site Description
The research site Lägeren is a forest site in CarboEurope-IP (CH-Lae). It is located at the
south slope of the Lägeren, a W-E-extending mountain ridge formed by Jurassic
limestone and Tertiary molasse sediments, about 20 km NW of Zurich (Switzerland). The
topographic situation is shown in Fig. 1. The 49-m tall flux tower is located at
47°28’41.1’’N, 8°21’54.0’’E at an altitude of 682 m above sea level at its base. The
studied area covers approximately 90% of the flux footprint area of the eddy covariance
measurements and extends approximately 750 m to the West and East, and 250 m north
and south of the flux tower, covering roughly 77 ha (0.77 km2). The vegetation is a
diverse mixed deciduous and coniferous forest, dominated by Fagus sylvatica L., Picea
abies (L.) Karst., Fraxinus excelsior L., and Acer pseudoplatanus L. More detailed
information on the vegetation composition is given by Eugster et al. (2007). In December
1999, the ‘Lothar’ winter storm damaged about 12% of the investigated area. According
to an unpublished geological survey (Graf, 1996), five different geologic units occur
within the study area (table 2). As the unit Rocky limestone debris covers <5% of the
study area, and is only represented by one sample, it was combined for statistical
calculations with the unit Limestone. The soils occurring in the study area are rendzic
leptosols (on parent materials rich in limestone) or haplic cambisols (eutric, dystric or
calcaric; on decalcified or carbonate-free parent materials) according to the World
6Reference Base of Soil Resources (IUSS Working Group WRB, 2007).
Selection of sample plots
Available information on the study area included maps on vegetation age (three stem
diameter classes), and soil water regime (five classes, taking into account main direction
of water flow, lateral or vertical, and soil depth). These data are available in a geographic
information system (Aargauisches Geographisches Informationssystem, AGIS). Based on
this information, 27 sample plots were selected within the study area so that each of these
categories is represented approximately proportional to its actual occurrence in the field.
Within each category, the plots were selected randomly. Information on parent material
from the geological map was not considered for plot selection, but only for data
interpretation after the sampling had been completed.
Sampling strategy
A total of 27 plots was sampled between July 13 and August 30, 2005 according to the
NABO (Swiss National Soil Observation) method (BUWAL, 1993). Briefly, a 10 m x 10
m plot was divided into 25 subplots of 2 m x 2 m, each of which was subdivided into four
quadrants (indicated by different grey shades in Fig. 2). Samples were taken from three
depths: 0-10 cm, 10-20 cm, and 20-40 cm. For each depth interval, a soil core (3 cm
diameter) from one quadrant was taken with a gouge auger in each of the 25 subplots, and
the 25 soil cores were mixed to yield one mixed sample. This standard procedure was
followed on 23 of the 27 plots. On the remaining four plots, we tested the reproducibility
of our standard sampling strategy. On these plots, four mixed samples were taken, each
7one from another quadrant of the subplots. As the gouge auger permits rapid sampling,
but without control of the sampled volume, we assessed soil fine earth density (<2 mm)
separately. Three to six volumetric samples (5 cm diameter, 100 cm3) per plot and depth
were sieved to 2 mm after drying (40°C, 24h), and fine earth density was calculated as
the dry weight of fine earth < 2 mm per sampling cylinder. On some plots, stone content
did not permit sampling of all three depth classes. Thus, the 10-20 cm depth class was
sampled on 24 plots, while the 20-40 cm depth class was sampled on 15 plots.
The litter layer was sampled by collecting all litter material within a wood frame of 20
cm x 20 cm. Five of these subsamples were taken diagonally across each of the 10 m x 10
m plots used for mineral soil sampling (i.e. from subplots 1, 7, 13, 19 and 25 in fig. 2).
They were pooled to one sample per plot for analysis.
Chemical analyses
All samples were oven dried at 40°C for 24-48 h, mineral soil samples were sieved to 2
mm, and a subsample was ball-milled. Litter samples were chopped up before milling.
The pH value was determined in 0.01 M CaCl2 at a soil:solution ratio of 1:2.5 using a
glass electrode. Total carbon (Ctot) and nitrogen (Ntot) were determined on a CHN
analyser (Vario EL, Elementar Analysensysteme, Hanau, Germany). Carbonate-C was
analysed by mixing 1g of soil with 50 ml of 1 M HCl and, after dissolution of the
carbonate, titration of unused HCl with 1 M NaOH and phenolphthalein as indicator.
Organic carbon was then determined as the difference between Ctot and Carbonate-C.
8Calculation of carbon stocks
For each plot, OC stocks were calculated separately for each depth interval as the product
of fine earth density, OC concentration and depth interval. Stones larger than a few
millimetres could not be assessed quantitatively with our sampling technique. This might
have led to an underestimation of the stone content and thus an overestimation of the
SOC stocks. As an indicator of stoniness, the average percentage (by mass) of stones
found in the sampling cylinders is reported for each parent material (table 1). For our
calculations we assumed that the mass of fine earth per volume in our sampling cylinders
(cm scale) is representative of the mass of fine earth per volume at the plot scale (m
scale). At some plots, the lower depth intervals could not be sampled due to high stone
content. In these cases, the OC stock in the lower horizons was estimated by fitting
exponential models to the existing dataset, as suggested by Kulmatiski et al. (2003) for
rocky forest soils. Such models assume exponential decrease of OC stocks with depth.
The model parameters (C stock at the soil surface and decrease rate) were estimated using
the available data from all three depths. Four different approaches to estimate these
parameters were compared: They varied in the dataset to which they were fitted (either to
all available horizons of all 27 individual profiles or to calculated ‘average’ profiles of
mean values per horizon) and in their way to account for bedrock type (one model = one
parameter set for all sites versus two different models = two individual parameter sets for
the two main bedrock types; cf. table 2). We allocated our plots to the two main bedrock
types by grouping the parent material units “rocky limestone debris”, “limestone”, and
“loamy debris” into a class “Jurassic”, because they are characterized by varying
9abundance of coarse Jurassic limestone rocks in the soil profile. The second class,
“Tertiary” comprised the units “loam” and “sandstone”, where limestone is absent.
In all cases, a negative exponential function
y = y0*exp(-k*d) (1)
was fitted to the set of stock data, where y is the C stock per unit depth (g C m-2 cm-1), y0
is C stock at the soil surface (g C m-2 cm-1), k is the relative decrease of C stock per unit
depth (cm-1) and d is depth (cm). For this purpose, the sampling depth was set to the
average depth of the sampled horizon, i.e. 5 cm for the 0-10 cm samples, 15 cm for the
10-20 cm samples and 30 cm for the 20-40 cm samples.
The C stock in a depth interval [a;b] can be calculated by integration of eq. (1),
Ma-b = (-y0/k)*(exp(-k*b) - exp(-k*a))  . (2)
The C stock between the mineral soil surface (a = 0) and depth b is then
M0-b =(-y0/k)*(exp(-k*b) - 1) . (3)
For each of the four approaches listed in table 2, the respective model parameters y0 and k
were fitted and soil OC stocks for the study area were calculated by integration of the
depth function and subsequent weighting by area proportion where appropriate
(approaches III and IV). Errors of the parameters y0 and k were estimated from log-
transformed OC stock data. As the errors for y0 are not symmetric after back-
transformation, we report the larger of the two errors. The uncertainty of modelled OC
stocks for 0-40 cm was calculated by error propagation of the parameter errors.
For each soil profile, carbon stocks were calculated both with and without the litter layer.
Detailed data analysis and calculation of minimum sampling intervals, however, were
performed only for the carbon stocks in the mineral soil. We excluded the litter layer,
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because in addition to the spatial variability, its OC stock is also highly dependent on the
time of year in which it is sampled.
Statistical Analysis
The distribution of OC stocks was tested for normality by the Kolmogorov-Smirnov test.
Homogeneity of variances between the subgroups was tested with Bartlett’s test. The
effect of the three factors parent material (4 levels), soil water regime (5 levels) and
vegetation stand age (3 levels) on OC stocks in the sample plots was investigated using
an analysis of variance (ANOVA) model (R Development Core Team, 2006).
Comparing stratified and non-stratified sampling
For the non-stratified approach, the entire dataset of 27 plots was treated as 27 replicate
samples from the same population. Hence, we calculated an overall mean, variance and
standard error of the mean for this dataset.
This was then compared with the following stratified approach: The four parent material
classes were treated as separate populations, with individual mean, variance and standard
error of the mean. The OC stock for the whole study area was then calculated by
weighting these class means with the area proportion covered by this class,
! 
Y = fi" x i  , (4)
where Y is the OC stock of the entire area, fi the area proportion of class i, and !xi the
mean OC stock of class i.
The standard error of this estimate was calculated by error propagation,
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! 
seY = f i
2" sex i
2 , (5)
where se is standard error and the indices refer to the variables in eq. (4).
Estimation of standard error for stock change estimates by a repeated
inventory
A change in OC stocks is calculated as the difference between two subsequent
inventories. In order to estimate the standard error of this stock change, we used the plots
that we had sampled in replicates (four plots for 0-10 cm, two plots for 0-40 cm) as
follows.
We considered the four replicate samplings (a-d, each representing a combined sample
from the 25 quadrants with identical grey shade in fig.2) of these plots to be analogous to
four repeated inventories. We then calculated the twelve differences between the
replicates (a-b, a-c, a-d, b-a, b-c, b-d, c-a, c-b, c-d, d-a, d-b, d-c) for each of the four plots,
which yielded 48 OC stock differences. We used the variance calculated from these 48
values as an estimate of the variance of OC stock changes (sd
2) that will be encountered
when a repeated inventory is performed on the same plots (i.e. the second inventory is
dependent on the first).
This is compared with the standard error of the difference of two independent inventories,
which is given by
! 
se
Y
1
"Y
2
= se
Y
1
2
+ se
Y
2
2 (6)
where Y1 and Y2 are the OC stocks of the first and second inventory, respectively. As no
second inventory has been performed yet, we had to assume that its standard error would
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be identical with that of the first inventory.
Estimate of minimum detectable difference
The estimate of the minimum detectable difference (MDD) is based on the assumption of
a paired sampling design, i.e. the same plots that were sampled in 2005 will be resampled
at a later date. The effect of spatial heterogeneity is minimized by this approach. In the
case of paired samples, the MDD is calculated (Zar, 1984) by
! 
MDD =
s
d
2
n
(t"(2),# + t$ (1),# )
2 , (7)
where sd
2 is the estimated variance of differences (i.e. the OC stock changes per plot) at a
sample size of n, and t is the t-statistic at a given significance level ("), probability of
type II error (#) and degree of freedom ($). We used a significance level of " = 0.05, and
a statistical power of (1-#) = 0.90.
In order to calculate the statistical power with which a certain difference (%) can be
detected, we rearranged eq. (7) to yield
! 
t" (1),# =
$
s
d
2
n
% t&(2),# , (8)
Results
Controls on carbon stocks
Table 3 shows average soil OC stocks in the top 10 cm of the mineral soil as well as of
the litter layer, grouped into the four parent material classes. OC stocks were normally
distributed and variances between the subgroups were homogeneous. There is a strong
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correlation (p < 0.01) between parent material and OC stocks in the top 10 cm of the
mineral soil, explaining about 77% of their variance (table 3). The other two factors
(vegetation stand age and soil water regime) and any interactions between the factors are
not significantly correlated with OC stocks in the 0-10 cm depth increment (table 4). Soil
type, as classified during the field survey, is closely correlated with parent material, but
explained a smaller proportion of the total variance in OC stocks, when we used it instead
of parent material as explaining factor (data not shown). OC stocks of the litter layer were
on average 12% of the stocks in the top 10 cm of mineral soil, but highly variable (4 -
42%). However, in contrast to the OC stock in mineral soil, the OC stock in the litter
layer was not controlled by parent material. Therefore, both inclusion and exclusion of
the litter layer in the analysis resulted in a strong effect of parent material on soil OC
stocks. As mentioned above, the litter layer is excluded from all following analyses, due
to its spatial and temporal variability.
Weighting the stock estimates for each parent material class by the relative area
proportion of this class resulted in a stock estimate (mean +/- se) of 51.9 +/- 1.7 t C ha-
1*(10 cm)-1 for the mineral soil of the entire footprint area. For comparison, the
unweighted average of the 27 plots is 50.2 +/- 3.1 t C ha-1 (10 cm)-1, which is not
significantly different. However, by taking into account that the soil samples originate
from four different parent material classes, the standard error of the mean could be
reduced by 46%.
Modelling carbon distribution within the soil profile
Table 5 presents the parameter estimates and the resulting OC stocks for the four
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different approaches presented in table 3. Standard errors of the modelled 0-40 cm OC
stocks, calculated from the errors of the model parameters, vary between 0.5 t C ha-1 for
approach II and 12 t C ha-1 for approach I. The choice of approach has a relatively small
effect on modelled OC stocks for the 0-10 cm depth increment, which range from 47–51 t
C ha-1 (10 cm)-1. With increasing depth, however, uncertainty increases, and estimates of
OC stocks for the 0–40 cm interval range from 119–139 t C ha-1 (40 cm)-1. When the
parameters of the depth distribution model are fitted to Jurassic and Tertiary soils
individually, the modelled C stocks were higher for soils on Jurassic than Tertiary parent
material. The latter also featured a slightly steeper gradient of the OC stocks with depth.
Predicting variability of carbon stock change measurements
From the standard errors of the OC stock estimates, we can estimate the uncertainty of
the difference (i.e. the OC stock change) between two independent inventories with eq. 6.
This results in an uncertainty of 4.3 t C ha-1 (10 cm)-1 if parent material classes are not
taken into account, and 2.4 t C ha-1 (10 cm)-1 if samples are grouped according to parent
material classes.
In contrast, on those plots where we immediately repeated the inventory within the same
10 m x 10 m plots, we estimated a standard error of the difference between two replicate
samplings of 0.67 t C ha-1 (10 cm)-1 and 0.99 t C ha-1 (40 cm)-1. Assuming that this error
does not depend on the time interval between the first and any subsequent sampling, we
can use it as an estimate of the standard error that will be encountered when a subsequent
sampling is performed at the same plots (paired sampling design).
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Discussion
With stocks of 48 to 78 t C ha-1 in the top 10 cm of the mineral soil, our limestone soils
(rendzic leptosols according to the World Reference Base for Soil Resources (IUSS
Working Group WRB, 2007)) can be compared with the soils studied by Walthert et al.
(2004) in the Swiss Jurassic mountains. For two forested rendzic leptosols at altitudes
(590-650 m above sea level) similar to our site, these authors report OC stocks of 45 and
60 t C ha-1 (10 cm) -1. Their stock estimates were corrected for volumetric stone content
(visually estimated in the soil profile). One reason for our slightly higher OC stock
estimates on the limestone soils could therefore be our lack on quantitative data for large
stones. However, Walthert et al. (2004) also show that carbon stocks in Jurassic
limestone soils are highly variable. Most likely, other factors, such as exposition, slope or
vegetation composition contribute to this variation.
Our cambisols developed on sandstone, by contrast, with stocks between 13 and 36 t C
ha-1 (10 cm) –1 compare well to forested cambisols in the Swiss Plateau where
Zimmermann et al. (2006) reported stocks of 20 and 32 t C ha-1 (10 cm) –1 for two soils at
580 and 810 m above sea level, respectively.
Controls on C stocks
Our discussion of controls on C stock focuses on the top 10 cm of the mineral soil. We
believe that these data are more precise because of the technical difficulties encountered
during sampling of the deeper soil horizons. We assumed that the factors controlling
carbon stocks in 0-10 cm depth are the same as those controlling carbon stocks in 0-40
16
cm depth, and that these factors can be more easily identified in the 0-10 cm depth layer.
The absence of a clear stand age effect on soil OC stocks is in line with a detailed study
by Lecointe et al. (2006), who found no effect of stand age on OC stocks in a French
beech forest. On the other hand, in a global survey, Jobbágy and Jackson (2000) reported
an effect of vegetation type on vertical distribution of OC stocks and attributed this to
rooting patterns. Young forest stands with a different rooting pattern from older stands
could therefore be expected to differ also in soil OC stocks. However, such an effect is
easily hidden by other environmental factors due to the inherited soil OC stocks from
previous tree generations.
The observed strong correlation between parent material and OC stocks (Table 2, with
limestone and rocky limestone debris combined) suggests parent material as the main
controlling factor of OC stocks at this site. Several mechanisms may be responsible for
this observation. Of the OC stabilization mechanisms proposed in literature (for a recent
review, see von Lützow et al., 2006; 2008) some are likely to be controlled by soil
properties related to parent material type. One of these mechanisms is biogenic
aggregation, which is controlled by faunal and microbial activity. The latter two are
affected by acidity and nutrient status of the soil. In a recent survey of Swiss forest soils,
Blaser et al. (2008) compared soils from calcareous parent materials with soils from
noncalcareous parent materials. Even after complete decalcification, the soils from
calcareous parent material retained a higher base saturation and thus more favourable
nutrient status than those from noncalcareous parent material at the same pH. Although
detailed data on the nutrient status lack for our soils, simple field tests of pH (indicator
liquid) and carbonate content (HCl reactivity test) indicated rather neutral soil reaction on
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the calcareous parent materials and more acid soil reaction on the noncalcareous
materials (data not shown). Therefore, at our site, parent material might affect SOC
stocks by controlling soil biological activity and aggregation via the nutrient status of the
soil.
Sorptive preservation (von Lützow et al., 2006) is a mechanism of organic matter
stabilization which is more directly linked to the type of minerals present in the soil.
Kögel-Knabner et al. (2008) state that both reactive surface sites and a large specific
surface area contribute to OC preservation by minerals. According to Kleber et al. (2005)
and Eusterhues et al. (2005) especially pedogenic Fe oxides contribute to OC stabilisation
by sorption processes. Similarly, Torn et al. (1997) could show that the amount of OC
stored in a weathering chronosequence varied with the types of minerals present. As we
do not have mineralogical data available for our soils, we cannot quantify how much
differences in mineralogy contribute to the observed effect of parent material on OC
stocks, but this would have been clearly beyond the focus of this study.
How much can sampling design reduce uncertainty?
As parent material dominates overall variability of OC stocks at our site, stratified
sampling and data grouping by parent material classes should be superior to an overall
average. In the present study, however, comparison between the weighted and the
unweighted average suggests that the unweighted average would underestimate 0-10 cm
OC stocks by only 3%. This small and statistically not significant difference shows that
our choice of sampling plots was representative for the parent material classes.
Consequently, if suitable, representative sampling plots are chosen, stratification does not
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necessarily improve the stock estimate. However, as it decreases the uncertainty of the
stock estimate, it will increase our chances to detect OC stock changes in a subsequent
inventory.
Based on their findings in two grassland soils, Don et al. (2007) concluded that sampling
efficiency can be improved by taking about 1.5 to 2 times more SOC samples than
density samples. This is due to the fact that spatial variation in density is usually smaller
than in SOC concentration. At our site, we also observed that the coefficient of variation
for SOC concentration was 3-4 times larger than for bulk density. However, when bulk
density and SOC concentrations are sampled separately, OC stocks cannot be calculated
for each sampling point but only for each stratum (parent material class in our case). This
would mean that we would not be able to perform pairwise sample comparison in a
subsequent inventory, and thus OC stock changes could be harder to detect.
Soil type is usually closely correlated with parent material, and could potentially be used
for stratification instead of parent material. However, in our study, we used only parent
material for two reasons: First, soil type explained a smaller proportion of the total
variance in OC stocks when it was used instead of parent material as explaining factor in
our ANOVA. Second, no detailed small-scale information on spatial distribution of soil
types was available. We could therefore not compare the performance of stratification by
soil type versus stratification by parent material.
Extrapolation of carbon stocks to depth
The 0-10 cm layer receives most of the annual OC input, and future changes are most
likely to be detected there. However, we attempted to quantify stocks up to 40 cm depth
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in order to compare the probability to detect OC stock change in 0-10 cm layer with the
probability to detect such changes in the 0-40 cm layer. Compared with the stone content
in the surface horizon (cf. table 1), stone content in deeper layers was higher and often
complicated or prevented sampling. Even when sampling was possible, the stone content
cannot be estimated quantitatively with the coring technique. Our models used for
extrapolation of C stocks to depth (Table 2, results in table 5) are based on the study by
Kulmatiski et al. (2003) who compared soil coring and excavation of pits for the
determination of soil OC pools in rocky forest soils. Although they underestimated the
stone content with the soil cores when compared with the excavation technique, their
estimates of OC stocks were similar with the two methods. Their work indicates that core
sampling can be sufficiently representative of the fine earth density at a larger scale. They
also reported that the depth distribution of OC stocks could be well described by an
exponential model, even when stones were present. It is not known, whether the results of
Kulmatiski et al. (2003) are generally applicable. However, they are consistent with the
theoretical consideration that with identical OC input, decomposition rates and vertical
transport rates, the vertical distribution of OC stocks should be similar in a stony and a
stone-free soil; the OC would just be concentrated in a smaller volume of fine earth in a
stony soil. We therefore considered it reasonable to base our attempt to extrapolate OC
stocks to 0-40 cm depth on the hypothesis that OC stocks decrease exponentially with
depth, even if stones are present in the soil profile.
Comparison of the results from the four approaches (table 5) shows that the choice of the
dataset from which model parameters are estimated has a critical effect on the calculated
stocks. The higher OC stocks estimated by approaches III and IV (table 5) are related to
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the separate treatment of Tertiary and Jurassic soils for OC stock estimation in > 10 cm
depth. These two approaches explain part of the variation in the data by a general
difference in OC stocks between the two groups (reflected by the differences in y0 values)
and therefore result in a more gentle gradient of OC with depth, which finally results in
higher OC stock estimates for the whole profile when results of approaches III and IV are
scaled to the entire study area. On the other hand, approaches I and II, which use only one
general parameter set for all soils, are biased towards soils from Tertiary sediments,
which are overrepresented in the 20-40 cm depth class.
Depending on the choice of approach, the highest and lowest OC stock estimate for 0-40
cm depth differ by 20 t C ha-1. In contrast to this large uncertainty for OC carbon stocks
in deeper layers, all extrapolation approaches consistently show that the top 10 cm store
about 40% of the OC stock that can be expected within the 0-40 cm layer.
Consequences for subsequent inventories at this site
For a subsequent inventory, it is important to know both the minimum difference that can
be detected using the inventory method and the minimum time required to reach this
difference. For the latter, we need an estimate of the OC stock changes that we can expect
at this site. Liski et al. (2002) modelled carbon stocks and sinks for European forests for
the year 1990. Their model predicts an annual carbon sink in Swiss forest soils of 0.43 t C
ha–1 a–1 which is below the average for Central Europe (0.55 t C ha–1 a–1), while a
minimum of 0.01 t C ha–1 a–1 and a maximum of 1.07 t C ha–1 a–1 were estimated for
Greece and the Netherlands, respectively. In the following we discuss the conditions
under which sequestration rates of this magnitude can be detected with the presented
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sampling approach. After four years of carbon sequestration at a rate of 0.43 t C ha-1 a-1,
(corresponding to about 13 % of the estimated net ecosystem productivity (3.4 t C ha-1 a-1)
at this site, cf. Eugster et al., 2007) the accumulated difference (%) of 1.72 t C ha-1 would
be large enough to be detected at a significance level of "=5% if we use a paired sample
approach, i.e. resample the identical plots with the same technique. However, the
statistical power of the sampling design has to be considered as well, i.e. the chance that
an existing OC stock change is actually detected. Figure 3 shows the relation between
actual OC stock change and the statistical power to detect it with the given number of
samples, calculated from eq. 8. The statistical power to detect a difference of 1.72 t C ha-1
would only be 69%. In other words, there is a 31% chance that the change would not be
detectable. Given the labour and costs required for such an inventory, this is an
unacceptably high uncertainty. After 6 years of accumulation (% =2.58 t C ha-1), the
power of the test will have increased to 95%. This assumes, however, that carbon
sequestration occurs exclusively in the 0-10 cm depth interval. In the following, we
compare this result to a scenario, where carbon sequestration occurs within the entire 0-
40 cm layer. In this case, due to the larger standard error for the stock change (0.99 t C
ha-1), it will take at least 9 years until a difference can be detected with a power of the test
of 95%, and only on those plots, where sampling to 40 cm was possible. Where data for
deeper horizons are unavailable, and if exponential models are used for gap filling, we
additionally have to consider the uncertainty of the parameter estimates (which is
reflected in the uncertainty of the modelled carbon stocks, cf. standard errors in table 5)
and the uncertainty of the model choice, cf. the range in modelled table 5). Especially the
latter is much larger than the standard error from paired sampling. Consequently, the
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necessary sampling intervals will increase beyond a reasonable time frame, if the errors
associated with the depth distribution models are taken into account. If sequestration
occurs in the entire 0-40 cm layer, but sampling to 40 cm is not feasible and modelling is
not acceptable, what is the necessary sampling interval to detect the proportion of
sequestered carbon that is stored in the top 10 cm? Only 40% of the OC stock found
within the sampling depth of 40 cm is stored in the top 10 cm, and as a first
approximation, it could be assumed that annual carbon sequestration rates vary similarly
with depth. If only 40% of the carbon that is sequestered annually in Swiss forest soils
(Liski et al., 2002) is sequestered in the top 10 cm, the minimum time to detect this
sequestration with a statistical power of 95% increases to 15 years. With the extreme
sequestration rates of 0.01 t C ha-1 a-1and 1.07 t C ha-1 a-1suggested for other countries by
Liski et al. (2002), the necessary accumulation times would be 630 years, and 6 years,
respectively.
These times will be shorter, if sequestration rates are affected by parent material in a
similar way as total OC stocks. Under these conditions, weighting sequestration rates by
parent material class would reduce the uncertainty of the OC stock change estimate.
However, before a second inventory is actually completed, we can only speculate about
that. Theoretically, there is also the possibility to increase the number of samples and thus
to reduce standard error and MDD. The standard error decreases in proportion to the
inverse of the square root of n (cf. eq.7) and also the critical t values decrease with
increasing number of degrees of freedom. Because of this non-linear relation between
MDD and sample number, increasing the sample number is a rather expensive way to
improve the dataset. Additionally, increasing the number of samples for a future
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inventory only would mean that the paired sampling approach cannot be performed.
Conclusions
Our study has demonstrated that the variability in soil OC stocks at this heterogeneous
mixed forest site dominated by beech and Norway spruce is largely controlled by the
parent material of the soil. This information can be used to reduce the standard error of
the soil OC stock estimate from +/- 3.1 to +/- 1.7 t C ha-1 by stratifying the data. The
standard error of OC stock change between two inventories can further be reduced to
approximately +/- 0.67 t C ha-1, if these inventories are not performed independently, but
using a paired sampling design on the same plots.
Nevertheless, it will most probably require at least 15 years before soil OC stock changes
can be assessed with this inventory method. That means that the earliest year for a new
inventory would be 2020.
These results highlight the importance of the sampling design in carbon inventory studies.
Suitable stratification and paired sampling can significantly reduce uncertainty in OC
stock change estimates. Any inventory study should therefore dedicate sufficient
resources to the optimization of the sampling strategy.
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Figure captions
Figure 1: Location of the study site within Switzerland (bottom) and detailed map of the
study site (top), with geological units (grey shades), locations of the sample plots (circles)
and the flux tower (cross). Exact geographic coordinates are given in the text.
Reproduced by permission of swisstopo (JA082267).
Figure 2: Sampling pattern of the Swiss National Soil Observation NABO (modified
from BUWAL, 1993)
Figure 3:
Statistical power (1-#) to detect a carbon stock change of a given magnitude in the upper
10 cm using a repeated inventory at the same locations than the first inventory. Only
carbon stock changes above 1.4 t C ha-1 are statistically significant at " < 0.05.
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Tables
Table 1: Geological units found in the study area (according to unpublished work by Graf
(1996)), distribution of sampling plots and stone content found in samples.
Parent
material
Description Estimated
proportion of the
study area [%]
Plots 
(a)
Stone
content 
(b)
[g/100g]
Rocky
limestone
debris 
(c)
> 80% Stone content
derived from limestone
(Upper Jurassic)
4.2 1 83
Limestone Limestone (Upper
Jurassic)
26.1 6 20 (0-38)
Loamy
debris
Blocky-loamy debris
from limestone (Upper
Jurassic) and marl
(Tertiary)
16.3 4 2.8 (0-6)
Loam Loamy weathering
residues from marl and
sandstone (Tertiary)
34.4 10 1.2 (0-9)
Sandstone Sandstone (Lower
Freshwater Molasse,
Tertiary)
18.9 6 0.7 (0-4)
(a) Number of sampling locations on this parent material class
(b) Average and range (in parentheses) of stone content (> 2 mm) in sampling
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cylinders (100 cm3) taken from the 0-10 cm depth
(c) For statistical calculations, the unit “Rocky limestone debris” was not considered
as a separate unit, but included in the unit “Limestone”, because of its small
proportion of the total area.
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Table 2: Overview of datasets used for the extrapolation of total carbon stocks by the
exponential model approach
Approach Exponential
models (a)
Description
of dataset
Parameters
fitted to
Calculation of total stocks
by
I 1 All plots
combined
Individual C
stock data per
horizon
Integration
(cf. Eq.3)
II 1 All plots
combined
Average C
stock value per
horizon
Integration
(cf. Eq.3)
III 2 Two groups:
Jurassic /
Tertiary
Individual C
stock data per
horizon
Individual integration (Eq.
3) by group. Results
weighted by area proportion
IV 2 Two groups:
Jurassic /
Tertiary
Average C
stock value per
horizon
Individual integration (Eq.
3) by group. Results
weighted by area proportion
(a) Number of independent exponential models used in the approach
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Table 3: Organic carbon stocks in 0-10 cm mineral soil and litter layer on the different
parent materials (SE in parentheses). Rocky limestone debris (only 1 plot) is included in
the unit limestone.
Parent material
Limestone Loamy debris Loam Sandstone
Explained
variance
(a)
p-value
(b)
[t C ha-1]
Mineral soil
0-10 cm
67.3 (4.2) 60.7 (3.4) 46.0 (1.8) 30.1 (3.5) 77% <0.001
Litter layer 6.0 (0.8) 4.6 (0.9) 4.1 (0.6) 6.5 (1.7) 15% 0.29
Sum 73.3 (3.7) 65.3 (3.5) 50.1 (1.7) 36.7 (4.4) 76% <0.001
(a) Percentage of variance in carbon stocks between plots that is explained by parent
material, calculated as (sum of squares between groups)/(total sum of squares) in
a one-way anova.
(b) Probability that parent material has no effect, i.e. the observed differences are due
to chance alone.
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Table 4:
Analysis of variance results showing the dominating effect of parent material on soil
carbon stocks in the upper 10 cm of mineral soil.
Factor Df (a) SS MS F value p Sig.
Parent material 3 5084.4 1694.8 16.8852 0.0014 **
Stand age 2 54.2 27.1 0.2699 0.7710 n.s.
Soil water regime 4 131.8 32.9 0.3282 0.8508 n.s.
Parent material x Stand
age 4 492.2 123.0 1.2259 0.3808 n.s.
Parent material x Soil
water regime 3 79.3 26.4 0.2634 0.8498 n.s.
Stand age x Soil water
regime 3 76.8 25.6 0.2551 0.8554 n.s.
Residuals 7 702.6 100.4
(a) Df, degrees of freedom; SS, sum of squares; MS, mean square; p, probability of true
null hypothesis; Sig., significance level: ** p < 0.01,  n.s. = not statistically significant
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Table 5: Comparison of four different approaches to extrapolate carbon stocks (for
description of approaches I-IV cf. Table 2). Italic type indicates the two different models
that were fitted to Tertiary and Jurassic subgroups in approaches III and IV.
Numbers in parentheses are standard errors of the parameter estimates and of the
modelled carbon stock for the greatest depth (calculated by error propagation)
Approach Model parameters Estimated C stocks
y0 k 0-10
cm
0-20
cm
0-40 cm
[t C ha-1] [cm-1] ------ [t C ha-1] ------
I All individual 5.61 (0.44) 0.0357 (0.0044) 47 80 119 (12)
II Means per horizon 6.03 (0.02) 0.0370 (0.0002) 50 85 126 (0.5)
Jurassic (individual) 7.42 (0.55) 0.0291 (0.0058) 64 112 175 (21)
III Tertiary (individual) 4.28 (0.34) 0.0283 (0.0040) 37 65 103 (10)
Weighted average --- a) --- 50 87 136 (11)
Jurassic (means) 7.55 (0.06) 0.0295 (0.0004) 65 114 177 (2)
IV Tertiary (means) 4.48 (0.34) 0.0292 (0.0038) 39 68 106 (10)
Weighted average --- --- 51 89 139 (6)
a) Weighted average not applicable to model parameters
